Although Spain has the largest cultivated vineyard area in the world, it is not the largest wine producer; it is third after Italy and France. With respect to exports, Spain is second. In order to increase wine sales, the offer must guarantee its quality. Since the 2008 European Union Commission Regulation on wine markets (OJ, 2008), quality is guaranteed in Spain for the Protected Designation of Origins (PDOs). In Spain, the number of PDOs has increased each year as well as the land associated with them. In the [2008][2009] season, 60% of the land with grapes belonged to PDOs, while in the 2009-2010 season, the percentage increased to 66.2%. Moreover, the production of quality wines is associated mainly to PDOs. Hence, the study of PDOs sheds light on the production of quality wines, a sector that is growing from year to year, being relevant to analyze the performance of such PDOs, in order to learn the main features of the best ones.
, using panel data, measured farm business efficiency of Slovenian farms. Henriques et al. (2009) characterized and analyzed the evolution of wine production for a panel of Portuguese wine farms for the period 2000 -2005 . Tasevska & Hansson (2010 provided an empirical analysis of the efficiency of 300 family farms in the Tikvesh vineyard district of Macedonia, discovering a large potential for efficiency improvement. Spanish farms have been studied by Arandia & Aldanondo (2007) , comparing organic wine farms with conventional ones. Specific papers dealing with cooperatives are by Bonfiglio (2006) , Barros & Santos (2007) and Maietta & Sena (2008a,b) . Bonfiglio (2006) dealed with Italian agrifood cooperatives while Barros & Santos (2007) studied the Portuguese wine industry, comparing cooperatives with private firms. Maietta & Sena (2008a,b) studied Italian cooperatives and compared them with conventional wine f irms, stating that increasing market competition positively affects a coop's efficiency.
Using panel data, Liu & Lv (2010) analyzed the efficiency behaviour of 22 winemaking firms in China. Spanish firms have been studied by Guzman (2004) using accounting variables. Fernández & Morala (2009) studied the cost efficiency of wine firms in the Spanish region of Castilla y León while Sellers-Rubio (2010) used different methodologies, including DEA, in order to compare them with a wide sample of 1,222 Spanish wineries.
Finally, and analyzing agrifood sectors, we report only two papers. Echevarria & Gopinath (2008) analyzed the export behavior of agrifood sectors in Chile, including the wine sector. On the other hand, Fekete et al. (2009) studied the efficiency of different agrifood sectors in the four East-European countries known as the Visegrad group, also including the wine sector.
The novelty of our paper is that among the existing specialized literature, no papers have considered a DO as a production unit, as the revision above shows. In other words, quality has not been considered a necessary endogenous feature of the production units in the past. As far as we know, only one paper has considered quality as an exogenous factor and has developed a set of quality indicators in order to evaluate the outputs of wine farms (see Zago, 2009) . Moreover, in a highly competitive market, one of the main strategies is the set-up of solid brands. In Spain, there are several brands that are not strong enough under different perspectives. It may be their wine production is too small and they lack the financial resources in order to implement an individual brand strategy. It may also be that their quality has not yet been recognized. Under many circumstances, the DO recognition, which signif ies quality and identity, as well as official financial support, constitutes an umbrella-brand that is very convenient for each of its members in order to become competitive. This is, in our opinion, the main reason for analyzing DOs in Spain as proposed in this paper.
The main objective of the paper is to analyze the efficiency of Spanish DOs for the 2008, 2009 and 2010 seasons resorting to Data Envelopment Analysis and using a new additive based measure known as BAM (Bounded Adjusted Measure). We will also evaluate their productivity resorting to Malquist indexes.
Material and methods
At present, and according to the latest provisional data provided by the International Organization of Vine and Wine (OIV, 2010) , the global area of vineyard cultivation in 2009 amounted to 7,660,000 million hectares. Spain is the country that still has the largest global area for this crop (1,050,000 ha), followed by France and Italy (840,000 and 818,000 ha respectively). However, if we consider production, with a global volume of 268.7 million hectoliters, the leadership in recent years passed into the hands of France and Italy, with these two being the world's largest producer in 2009 with approximately 18% and 17% of the global volume respectively, followed by Spain at 13%.
As for global consumption of wine (236 · 10 6 hL in 2009), France is a major consumer (12.7%), followed by USA (11.6%), Italy (10.4%), Germany (8.6%), China (6%) and the UK (5.4%). Spain ranks sixth as a global consumer at 4.8%. If we refer to global wine exports, with 86.4 · 10 6 hL in 2009, the leader is Italy with 21.5% of the exports, followed by Spain (16.7%) and France (14.5%). On the other hand, the world's largest importers (with global imports of 83.8 · 10 6 hL) are led by Germany (16.8%), the UK (14.2%) and USA (11%).
EU Regulation Nº 479 (OJ, 2008) provided the new Common Market Organisation (CMO), which, in relation to European Union quality wines, distinguishes between wines having Protected Designation of Origin (PDO) and Protected Geographical Indication (PGI). In particular, Spain has 83 PDOs, which are characterized by: (i) quality and characteristics are essentially or exclusively due to their geographical origin, with human and cultural factors involved; (ii) 100% of the grapes come exclusively from the production area; (iii) distillation is obtained from varieties belonging to Vitis vinifera.
According to the 2008-2009 season data from the Spanish Agriculture Ministry (MARM, 2010a), Spanish PDOs cover 633,498 ha (60% of the national surface devoted to vineyards), and there are 148,899 vine growers and 4,500 wineries. The total volume amounts to more than 11.3 · 10 6 hL, while sales volume is about 10.3 · 10 6 hL, of which more than half (54.5%) corresponds to red wine, 16.1% to sparkling wine, 16% to white wine and 7.3% to liquor wine. It is noteworthy that 43% of Spanish wine sold by PDOs is sold abroad. These exports are mainly bottled wine (86.6% vs. 13.4% in bulk) and go to EU countries (75%). By country, Germany is the main market for Spanish wines (24.5% of exports), followed by the UK (22.7%), USA (8%) and the Netherlands (7.4%).
The set of Spanish PDOs includes the subset of Spanish DOs, which have been recognized as quality wines by Spanish authorities since 1932. Moreover, the subset of 67 Spanish DOs is the largest within the set of Spanish PDOs. As said before, Spanish DOs are identif ied by an additional specif ic characteristic: Table 1 shows different DOs by the Autonomous Regions (AR) they belong to and year of recognition.
Data
For each of the 34 Spanish DOs, data were available for its surface (hectares), the value of domestic sales (in euros) and the value of sales in foreign markets (in euros), the three variables used in our DEA models. The first one is the only input and the last two are the outputs. These data were collected for the 2007/2008, 2008/2009 and 2009/2010 seasons. Since we are dealing with a panel data set, we are able to determine not only the efficiency for each season but also the productivity resorting to a specific Malmquist index. In order to make appropriate economic comments and interpretations, we have also considered other variables, such as number of winegrowers and bulk sales.
The variables used in our DEA models are listed in Table 2 . As the reported average, minimum and maximum value for each variable show, our dataset entails large variability. This fact suggests dealing with both variable returns to scale (VRS) and constant returns to scale (CRS) models in order to discover if the size of the DOs really matters, i.e., if scale effects are relevant.
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Model specification
Recently, a new efficiency measure was proposed by Cooper et al. (2011) . It is known as BAM (Bounded Adjusted Measure) and its def inition is based on a modif ication of the additive model, known as the range-bounded additive model. Belonging to the family of the additive models guarantees that the new model accounts for all types of inefficiencies. That means that our model is more accurate than other models that only account for radial (Charnes et al., 1978) or directional (Chambers et al., 1996) inefficiencies. Let us assume that we are dealing with a DEA model with m inputs and s outputs for rating a sample of n units. The rangebounded additive model is obtained by adding to the additive model as much as m + s restrictions. Each added input restriction requires that the projected point of each unit has input values not less than the sample lower bound for each input. Each added output restriction requires that the projected point for each unit have output values not greater than the sample upper bounds of the outputs. The range-bounded additive model is useful when dealing not with a sample but with the whole population. In this case, we assume that Deeper insight into our sample of DOs shows that for the only input, grape surface area, it is reasonable to assume that any efficient projection has a surface at least as big as the smallest one in the sample, because it is also the smallest one in the population. Additionally, it is also reasonable to assume that any efficient projection, which represents an ideal DO, has its two sales output values not greater than the corresponding largest output values in the sample, because, in our case, they are also the two largest output values in the whole population. This is particularly relevant for the CRS model because, in the absence of bounds, the projections may lay outside the range of the extreme values associated to the population, which is difficult to assume. Let us introduce some notation: x i = min {w ij ,j = 1,…,n} denotes the range lower bound for input i, i = 1,…,m and ȳ r = max{y rj , = 1,…,n} denotes the range upper bound for output r, r = 1,…,s.
Efficiency of the Spanish Designations of Origin 297
The formulation of the CRS range bounded additive model follows:
Besides the added m + s bound-restrictions, the difference with the usual additive model is that here the projected point is given by ( Pastor et al. (2013) . Mind also the inequalities in the first two sets of restrictions and the presence of E, which represents the set of efficiency units associated to and identified by the usual additive model. Hence, a preprocessing procedure is needed in order to identify E.
In order to def ine the eff iciency measure BAM under CRS, all we need to do is to substitute the objective function of the last model by the next one.
We need to clarify the meaning of the denominators in the last expression, known as "sided-ranges". The new sided ranges are specific for each unit being rated. We define the lower-sided range for input i , i = 1,…,m, at unit (
Similarly, we define the upper-sided range for output r, r = 1,…,s, at unit as (x o ,y o )
Since each bound is always reached by at least one unit in the sample, certain lower-sided ranges and/or certain upper-sided ranges may be 0 at unit (x o ,y o ). If this is the case, the corresponding ratio in the BAM efficiency measure is set to 0, because the corresponding slack also equals 0 and, consequently, the corresponding contribution to the inefficiency is 0.
For the variable returns to scale case, we simply add the convexity constraint over the set of lambda's, i.e., Σ j∈E λ j = 1 and realize, as a consequence, that the two sets of bound can be deleted (see Cooper et al., 2011) .
Resorting to the BAM measure is recommended because it is defined for any returns to scale rangebounded model and has interesting properties such as: (i) it accounts for all types of inefficiencies; (ii) it is units invariant, which makes the corresponding linear programming computations well-conditioned; (iii) it is a measure in the range [0,1], with 1 being the score of any efficient unit and 0 the score of any fully inefficient unit; (iv) in the VRS case, its efficiency scores are balanced, in between the radial scores and the Slack Based Measure (SBM) scores (Pastor et al., 1999; Tone, 2001; Cooper et al., 2011) . In some sense, the BAM measure incorporates all types of inefficiencies, radial and not radial, but in a way that is smoother than the SBM measure does.
Measuring productivity through biennial Malmquist indexes
One of the lastly defined Malmquist productivity change index is the so-called biennial Malmquist index . The reason for choosing the biennial Malquist index is that it does not present any infeasibility under any type of returns to scale and is closer in their results to the adjacent Malquist index than the 
The subscript c indicates that all three technologies exhibit CRS. In our specific case for three time periods, there will be two overlapping biennial technologies, one for each pair-wise comparison of adjacent time periods. The biennial Malmquist index is defined specifically for the adjacent time periods t and t + 1 since two adjacent time periods are suff icient to establish the desirable properties of allowing technical regress and progress, and maintaining previous productivity calculations. (These two properties do not hold for the Sequential or the Global Malmquist indexes, as explained in the last mentioned paper).
Based on the CRS BAM efficiency score for (x,y) relative to the period t technology, E t c (x,y), the standard adjacent output oriented period t Malmquist index for producer j is given by E t c (x
The period t + 1 Malmquist index is defined similarly, considering the corresponding efficiency score relative to the technology for period t + 1, E c t+1 . Usually, M c t+1 differs from M t c , which leads to the definition of the adjacent Malmquist productivity change index (Caves et al., 1982) , M c , as the geometric mean of M t c and M c t+1 :
Similar to the definition of E t c (x,y), we define the biennial efficiency score, E 
Since we are using the biennial CRS technology, which includes both the period t and period t + 1 technologies, we do not need to resort to any geometric mean when defining [7] . 
Results
Efficiency indexes have been obtained using VRS and CRS BAM models for the last three seasons. For the sake of simplicity, we will denote the three consecutive seasons as 2008, 2009 and 2010. The different efficiency indexes are reported in Table 3 , with three decimal places. Columns 2, 3 and 4 report the results of the CRS models, while columns 5 to 7 report the VRS model results. The last three columns report the scale eff iciency that measures -as a ratio-the differences between both models. If scale efficiency is close to 1, both models are similar and size does not matter. This is exactly what happens in our analysis for the three considered seasons.
For the CRS models, only DO8 (Cava) is always efficient. In second place, DO22 (Rías Baixas) is efficient in 2009 and 2010 and slightly inefficient in 2008. In third place, DO11 (Chacolí de Guetaria) is efficient only in 2008. In terms of surface, D08 is the fourth biggest DO while D11 is the second smallest. The remaining DOs are inefficient (although DO9 is almost eff icient in the three periods) with three strongly ineff icient units throughout the period: DO15 (La Mancha) with efficiency scores in the range 0.059 and 0.061, DO7 (Cataluña) with scores between 0.203 and 0.214, and DO30 (Utiel-Requena) with scores ranging from 0.264 to 0.274. Nonetheless, the rest of 28 inefficient DOs have scores in the range 0.665 and 0.999. It is rather curious that the three biggest DOs are the three strongly inefficient units, while the fourth biggest DO is the only fully efficient unit. Moreover, two out of the other three almost efficient units over the three seasons are small DOs (DO11 and DO9). The fully efficient unit, DO8, is the sales leader in both the domestic and foreign markets. Nevertheless, units DO15 and DO7, which are second and third in total sales ranking in 2008 and 2009, are the most inefficient units.
If we consider the VRS results and compare them with the corresponding CRS results, we see that they are very similar. Even the efficient units of both returns to scale models are almost the same. In the VRS case, DO9 and DO22 are rated as fully efficient in the three seasons, just as DO8. The similarity of both returns to scale models appears clearly revising the last three columns of Table 3 , where scale efficiency is reported. The average scale values for each season are always greater or equal to 0.974. Consequently, we can deal exclusively with the CRS model and forget the VRS model.
As said before, we will measure productivity resorting to the biennial Malmquist index. As it is well known, productivity is measured comparing the efficiency results for two consecutive time periods. Hence, we have obtained two productivity time indexes: one for the pair of seasons 2008-2009 and another for 2009-2010. Since only the CRS model needs to be considered, we have reported in Table 4 (2013) 11(2), 294-304 frontier. The results for all the units and the first two periods appear in columns 2 to 6 of Table 4 , while the corresponding results for the last two periods appear in columns 7 to 11. As explained in M&M Section, the CRS biennial efficiency scores are evaluated for calculating the corresponding Malmquist indexes. If we consider the last row of Table 4 , we find the corresponding average value for each column. The average biennial CRS efficiency scores have decreased in both comparisons, approximately 1% in the first biennium and 2% in the second. The same happens with the productivity, also declining in both comparisons. In fact, the average biennial Malmquist for the first two seasons is 1.011 while that corresponding to the second two seasons is 1.027. These two small productivity regresses are explained differently. In the first case, the average efficiency change slightly increases (0.981) while the average technological change slightly decreases (1.031).
Exactly the opposite behavior happens in the second biennium: while the average efficiency change decreases slightly (1.035), the average technological change smoothly increases (0.992). Nonetheless, the changes Table 3 ), we appreciate different behavior. DO8 shows practically no productivity change in the first biennium and a slight regress in the second. Responsible for this change is the technological change. The second most efficient unit, DO22 shows a positive evolution in both bienniums. DO11, the third eff icient unit, shows a decline in productivity throughout the seasons. DO9 presents the worst Malmquist values, with a deep decline due to its technological change. Finally, with respect to the three DOs with the lowest seasonal efficiency scores (DO15, DO7 and DO30), the worst one (DO15) remains without any productivity change, maintaining its low performance. Both DO7 and DO30 improve their productivity in the first transition but deteriorate in the second transition. We may draw some additional economic conclusions by analyzing the eff iciency scores obtained together with the basic economic features of the DOs under revision. First, we would like to point out that, although there is no statistically significant correlation between efficiency scores and year of recognition for the 34 DOs in any of the three seasons considered (Table 5) , the four most efficient DOs are less than 25 years old. Moreover, two of the three less efficient DOs, DO15 and DO30, belong to the subgroup of oldest DOs, with 1932 as year of recognition (80 years old).
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If we relate, in each year, the efficiency of the DOs with their surface we detect a statistically significant correlation (Table 5 ) so that the DOs with smaller sizes are more eff icient. As mentioned earlier, the three biggest DOs are the least efficient ones while the most eff icient units entail several small DOs. A similar conclusion holds when correlating the efficiency scores with the additional variable "number of vine growers in each DO". This negative correlation could be explained because fewer producers mean a larger average size of each farm and consequently, a potential better use of the productive resources.
How can we explain that the biggest DOs are also the most ineff icient? Our suggestion is that the inefficient DOs earn a significant part of their benefits by selling bulk wine within the domestic market. This part of the benefits does not appear on the output side of our model because Spanish DOs are not allowed to sell bulk-wine as such.
One last comment is worth mentioning. The DOs that produce a kind of wine that is not the traditional red or white, such as sparkling wine or local white wine, have managed so as to obtain a successful market niche. In fact, DO8, efficient during the three periods, only commercializes 'Cava', a sparkling wine that only has famous French Champagnes as a competitor. Moreover, DO9 and DO11 commercialize almost only 'Chacolí' (99% of its total production), a local white wine from the Basque Region, and DO22 commercializes almost only 'Alvariño' (again, 99% of its total production), a local white wine from the Galicia Region. As said before, these are the four most efficient DOs in our analysis. The lack of domestic competition and the weak presence of foreign wines are the keys to success by these four DOs. On the other side, the three worst DOs produce mainly traditional red and white wines. In percentage of the total production, DO15 devotes 90% of its production to traditional wines (48% white and 42% red), DO7 89% (37% and 52%) and DO30 80% (14% and 66%).
Discussion
In this paper, we have resorted to the BAM measure because the input and output range bound restrictions are in accordance with the selection of our empirical dataset. Moreover, BAM offers us a balanced efficiency score, as explained in Cooper et al. (2011) . Finally, and in order to capture the productivity regress or progress for our three-season database, without creating infeasibilities, we have resorted to the biennial Malmquist index.
Our DEA models have allowed us to classify the 34 Spanish DOs considered according to their efficiency scores in each of the three seasons. One of the main features of our dataset is that the average efficiency score for each season is quite high -over 0.70-and with small variations between seasons. We have also detected that DOs with large surfaces are the most inefficient ones. We have suggested that this explanation could be bulk sales in the domestic market. On the other hand, the small DOs always obtain good efficiency scores. Moreover, the results associated to the CRS and VRS models are very similar, meaning that there is practically no scale effect. For this reason, we have continued our analysis resorting only to the CRS model. This choice is compulsory if we want to estimate productivities (Lovell, 2003) . In both biennia, the productivity decline is small but is explained in each biennium by a different factor. This can be interpreted as a steady behavior by the Spanish subset of 34 DOs. In the future, and when new data become available, the maturity of the quality wine sector in Spain can be checked again. Other interesting economic conclusions are: (i) in Spain, where foreign competition is weak, the most successful DOs are the ones that have specialized their production within a market niche such as "Cava", "Chacolí" and "Alvariño"; (ii) in each DO, less number of wine growers is associated to higher efficiencies scores, and (iii) there is no statistical significant relation between efficiency scores and year of recognition of the DO.
